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AIMIIWCI - Spaccoail  design op[imiz.a[  ion
is a difficult problc.m, (iuc to the
comp]cxily  of optimization cost surfaczs,
aIKi tim human  c.xpcrtisc iII optimizraticm
that is I)cccssary  in or(icr to achicvc  goo(i
Kxllts.

III tilis paper, wc propose tbc usc of a set
of gc.ncric, mctabmristic  optimization
algorithms (e.g., genetic algorithms,
simulatd  annealing), which is cmfigurcd
for a particular optimintion  problcm  by an
adapt ivc. problcm  solver baseci  m ar(ifici al
illtclligmcc an(i machine lcaming,
tcchniquc,s.  Wc dcscribc  work in progrc.ss
on OASIS, a s ystcm for a(iapt i vc problcm
solving, basc(i m these princip]cs.
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1. IN’J’I{C)I)IJCYJ  I[)N

h4aII  y aspects of spacecraft (icsip,n  can bc

vicwcxi as instances of crest m iflcd
0])1 ifllizal  io}l  prohlcms. Gi vca a set o f

(iccisim variab]cs X anti a Set of
c o n s t r a i n t s  C (m X, the cms[rainc(i
optinli7ation  is the pmb]cm  of assign  ins
values to X to nlinimim or maximim  all
objcctivc  func[ion J’(X), subject to the
constraints C.

SpacccIM (Icsign  opt imi7at ion
using Cllrrcnt csptimi7atioa

b(xml  se.:

● C u r r e n t  mcthocis  r e q u i r e  a

is [iifficu]t
met ho(is

significant
aImmIIt  of m:inual customi7<ation  by
the users in micr to bc succcssfu],  an(i

● Current mc.thocis  arc nol WC.11 suite.(i for
mixed (iiscrctc/continuous, noll.-
smmth,  ami possibly probabilistic cost
surFdccs that can arise in many (ic.sigtl
opt in~i  7Jat ion problems.

WC. am Cllrrcntiy (icvclopil~g t IN
Optimi~atio]l  Assistant (OASIS), a tool for
aut omatc.(i  space.craft (icsign opt i ]ni7,at io]l
that a(i(il cssc.s  these two issue.s. ‘1’hc goai
of OASIS is to facili(:ttc  rapici  “what-i~’
anal ysis of spacecraft (icsiga b y
(icvc.loping  a wi(icly applicab]c,  spacccraf(
(icsign opt imimt ion Systc.m t hat
maxim i7, c.s the automat ion of the
optimi7.atiml  process, an(i minimizes the
amount of customi~,ation require.(i by Ibc
USC]’.



OASIS  COllSiStS Of all intc~l’atc(i  SUitC Of
global  optimization  dgorithnls  Ilmt arc
appropriate. for mm-smooth, possih] y
probabilistic, mixe.cl  cliscrctc/co])ti])[lolts
cost surfaces, ami an intelligent agent that

dccidcs  how to apply thcsc  algorithms to a
particular problem. Given a parliculw
spacccraf[ dc.siga optimi~,ation problcm,
OASIS p e r f o r m s  a “mcta-lcvc]”
op[imin(ion  in order to:
●  Sc.icd  an a p p r o p r i a t e  oplimi7ation

tcchniquc  to apply to the prob]cm, ad
● Automatically adapt (custmniyc)  the

tcchniquc  to fit the pmblcm.

‘lhc rest of this paper is organiy,cci  as
follows. Sccticm 2 dc.scribes the
application of mc.tahcuristic  algorithms to
optimization, ami its prob]cms.  ITI Sccti(m
3, wc (lcfinc the framework of a(lap(i vc
probicm  solving that WC. aciopt  for OASIS
an(i (icscribc rctatc(i work in t h e  a r e a .
ScctioII 4 prcsc.nls  an o v e r v i e w  of t h e
OASIS systcm arci~itccturc, ami (icscribcs
Ollr  a p p r o a c h [0 solvjng  t h e  a(iaptivc
so lv ing  problcm  task. III Scctim  5, wc
(icscribc two spacccraf[ (icsign
opt imi nt ion Jmblc.ms which arc currcmt  1 y
hc.ing usc(i  as tcstbc(i appl ica t ions  for
OASIS: the NASA Ncw Millennium IX-2
Mars Micropmbc, and tile Ncpt unc Orhjtc.r
Spacccl’afl .

AltiI(mgh opt imi~,at  ion is a mat urc ficl(i
ti~at h a s  b e e n  stuclicd cx[cnsjvc]y  b y
rcscarchcrs, ihc.rc  arc a number of open,
fun(itimc.ntal  problems in the practical
application of optimi~,ation tcchnicplcs.

1 ‘irst, the. problc.m of giobal optinli7at  i(m
on (iifficu]t c o s t  suIPdce.s i s  poorly
un(lcrs(ood.  ‘J’ilc optimization of smooth,

mnvcx cost functions is wc.ii un(icrstcm(l,
an(i cfficicnt algorithms  for optimization
(m time. surfae.cs  have been (icvclopc(i.
1 lowcvcr,  these tr:i(iitionai appmachcs

OftCll ]WfOl”lll  POO1’]Y  011  C.OSt SUlfWCS  With
many local optima, since they tcn(l 10 get
stack 011  loca l  op[ima. lJnfmlunatcly,
many rcai-wor](i  optimization  ]mblc.ms
have a such “ruggc(i”  cost surface. with
many local optima, an(i arc thus (iifficult
problems for traditional appmachc.s  to
opt imi 7<at ion.

Sccm(i, m a n y  rc.al-wml(i optimi~ation
problms a r c  black-box  oplimiwilion
problons,  in whici~ t h e  struclurc  of the
cost function  is opaque. ‘1’hat is, i[ is not
Jmssiblc to directly analyze. the. cost
surface by at]alytic means ill micr to gai(ic
an optimization algorithm. l;or example,
~’(x) CaII bc cmn]mtcd  b y  a  COlll@CX

simulatim]  about which the optimi7jaticm
algorithm has no infmmaticm  (e.g., to
evaluate a candi(iat  c spacccraf( cicsign,  wc
cml(i simu]atc its opcrati(ms using,  legacy
10R’I’RAN co(ic about which very 1 it [lc is
ktlmvn cxccpt for its 1/0 spccificatims).
1 hack-box optimization  problems ale,
t hcrcforc  cAal icngi ng bccausc  current iy
kllc)wn algorithms for black-box
optimi~.ation  arc essentially “blin(i” scarcll
aigori[hms-- instca(i of be ing  Sui(ic(i b y
(ii ICC( aI-Ial  ysis of t hc cost surf ace., they
must samp]c the. cost surfacx in order to
i n(iimct 1 y obtain u scfa i i nfomat  ion about
the cost Sulfidcc.

Rc.ccmt ly, tbcre has been much research
activity in S()-caitcd ttlet(ihwri,vlic
atgmithms  such as simulatc(i  anncalin~
[ 15], tabu s e a r c h [7,8] ami genetic
algorithms [9] for globai  optimization.
‘1’hcsc arc t Oosc]  y (icfi nc(i, “gcncral-
pulposc.” hcuris[ics  for optimi~fation  that
procc.c(l  by  i(crativc.]y  samplin~  a  c o s t



Sul’fm, ald implcmemt various

mechanisms for escaping local optima,
Althoug,h these a lgor i thms  have  bc.cm
ShOWll t o  bc SUCCCSSfll]  011  I) UIIICI’O1l  S

applications with difficult cost surfaces,
the behavior of these al~mithms  is still
poor] y un(ie.rs(ood.  Successful application

of these ]lle[alle.lllistics  to a pa r t i cu la r
problcm  requires

1)

?)

lhc se.ledion  of lhc most appropri  atc
met ahcurist ic for t bc problcm, and
intclligcn[ configuration of the.

mc.t ahcuri st ic by scle.ct ing appropriate.
values for various cent m] paramcte.rs
(e.g., lcmpcraturc cooling  schedule for
simulated annealing).

[hrrcntly,  successful application of
lnclahcuristics  arc often the rcslllt of an
i(crativc cycle in which a rcscarchcr  01
IJrac[itioncr  sclccK/acjjusK  a  number  of
(liffercn[ met ahcuri  st ic/ccmt ro] paramelcr
combinations on a pmblcm, observes the.
rc.su 1 (s, an(i repeats this process unt i I
sat i sfaclory  rcsu]ts me. obt aincd.  “1 ‘his
lJIOCCSS of selecting tind cxmfigaring  a
nlctahcuris(ic  to obtain  good mulls  on a
give]] problcm  is usually lil]lc-c(~llslllllitlg,
and rc.quircs a significant amount of
optimization  cxpcr[ise  ( w h i c h  i s  of[c.n
very costly  to oblain).  As a ICSLIII,  in many
cases, the. cost of succcssfu]ly  applying
me.[ahcuris(ic  techniques cm black-box
problems can bc prohibitivc]y  expensive,

Onc  might w(mdcr whether there is mmc
sll~3c.1-lllclallcLllis[ic an(t a pcrrcct
configuration of this ultimate-
mclahcuri st ic, which out pcrfolms all

o[he.rs  f o r  at] pmbtcms  of intcmt,  or

whether it is at least possib]c  to
chamctcrim the performance of
lnctabcuristic configurations in ge.nc.ral
‘1’hc. current belief in the m:ljority  of the
optiminlicm  research community is that
this is cxtrcmcly unlikc]y  (although it not

likely that this can ever bc formally
pmvcd,  (IUC to the cn]piricd  nature of the
question). 1 ‘J’his  is suppomd  by related
rc.cent theoretical work such as [24], which
show tha[  over all possible cost sur~dccs,
the Cxpcctcd pcrfmmancc of al 1
optimimtion algorithms arc exactly equal.
Althoug,h  it is possib]c  that “all problems
of interest” (in cmr c(mtcxt, all nontrivial
spacecraf t  dc.sign  opti mi z,at ion problems)

rc.fleets a pmlicular subset of all possib]c
COS( surfmes for which some met ahcuri  slit
configuration dmninatcs  all others, wc
strcmgly  bc.]icvc that this is not the case.
71114s, our akv.vumptim lhrwghmil  this
j)[i])rr  i,~ 111(11 10 oht{iitl the h,vt
perf9HH[IIIcc J[)v {i p(irliwlar  pmblcm
illsla}lcc, it is nm:eh~sd ry to .VCICC1 (i
mclahc[lrislic  and  col(figurc  il so that i t
Hwlchc,q the ,vlrml14rc  of the cosi s[irj(~cc of’
tlw i}],vtmcc.

3. AI JAII’IIVIL  I’1<0111  ,I;hf SOI  S I N G

A nalaral  approach to alleviating this
problcm  of sclcc[ing and configuring a
md:ihcuristic for particular applications is
to automate the process. ‘J ‘his is an
i II st ancc of t hc more g,cncric,  adapfiw
j)roldcnl soh)i!lg tmk which has been
st uci ic(l by the artificial intelligence
community, in which the task is to
automatically c(mfigurc a pmbtcm so]vinp,

‘ Ncvcr[hc]css, it is not d i f f icu l t  to find in  the
litc]ntulc  ctnpiriwl sludics tlIat clail]l  111:11 OIIC
mcldhc.ul islic  OI onc configut  a l ien  i s  bctlm than
anotl Icl (c.:,., [25] boldly ctaims  [hat “(he objcclivc
of this papm  is . . 10 sludy lhc gcncml tcn(icncicx d
vdt ious al~ori[hlns”, aIId lIIOCC.NIS b y  colnparing
ltlc ]M3 forl IIancc o f  scvcml ]Ilctnllcurislicx  oiI a
scllcdulill~  prohlcm. ‘1’hc.y cmcludc. p i t h i l y :  “ I I
obt:iinin$  solutions of higtw qunlily  is imporlant,
usc Simula[c.d At}ncaling  w Grcdy 1 mat Search.
l)clailul p:iI-amCtCr  Iuning i s  not imporhnt for
Sitnulatcd  A n n e a l i n g  and Gmxly 1,ocal SMICII
pwvidcd  that sufficict](  amount  o f  computational

lime is available..”



Syskm  (SW]) as an Optilni?,atio]l  s y s t e m ) ,

Ii) [his section, wc. g i v e  [k s[andard
dcfini  [ion tbc adap(ivc  pmblcm solvinpj
task, tin(l rcvic.w previous approaches i II
the. li[c.raturc.  Vic then discuss a
gcncralinticm  of a(iaptivc problem
solving, which is the framework wc will
adopt  for tbc mc.tabcuris[ic  a p p l i c a t i o n
problem in spacecraft ctc.sign op(imi~at  ion.

Before discussing, appmacbcs to a(iaptivc
problcm  solving, wc formally stale Ibc
standard  dcfiniticm of the task (as propose.(i

by [ 11, 12, 17, 23]. Adaptive problem
solving requires a flcxib]c.  problcm  sol vcr,
mcaninf~ t hc problcm  sol Vcl’ posscssc.s
control decisions [bat may be. Icsolvc(l  in
altcmativc ways. Givcm a flcxib]c problc.m
solver, 1’S, with scvc.ral COII(IO1  points,
Cl)l.. ~~)’,1 (\VhCIC MCI] COIlt 1 “ 0 1  point CU}’j
Corl’csp(m(is  10 a  par[icmlar c o n t r o l
d e c i s i o n ) ,  and a set of values for cad
COIIIIOI p o i n t ,  {h4i, /... Mi,k]2,  ti COIZII”[)l
,~ltwlcgy  dcfi ncs t IN ovcral I bcbavior  of t bc
}~dd~;~~  s~]v~]”.  ] d }’,f’Lr,~A~  bc tbc
problcm  s o l v e r  o p e r a t i n g  un(tcr a
particular control slratcgy.

‘1’bc quali~y of a problcm  solving s[ratcgy
i s  dcfinc(l  in tcms of tbc dccisicm-
thmrctic  notion  of cxpcctecl utility. 1 d
/l(l’L$L$yJ;Ay; fl), k a real valued utility
fLlnction  that is a measure of the goodness
of tbc behavior of the problcm  SOIVCI cm a
specific problcm (1.3 More general I y,
cxpcd  c(i ut i I it y can bc dcfinc(i formally
over a distribution of pmblcms 1):

2 NOIC (hat  a mcIl~od m a y  consis(  o f  SIINIllCI
Clclllcl)ls so II)at a mdl)()(l may lx a Sd of cmtrol
]Lllcs or a comt)inalion”  of hcuris(ics.
‘ Wc :1ss11111(2  thal h pl”oblcm Solved is 11111 for a
f]l)ilc  aIIIOLII)t  of lime, [III(I  is eventually [mminalcd.

‘1’lIc goal  of this s(an(lar(l  formulation of
a(laptivc  problem solving can be cxprcssc(i
as: given a pmblcm distribution 1), finri
some umtrol slratcgy in tbc space of
possible strategies that maxim iyjcs tbc
cxpcdc.d  utility of tlm problcm  solver. Id”
cxamp]c.,  for tbc problem of cmfiguring  a
lllc.l:illcLll’istic,  say, a gc.nclic algori[bm,  in
a  (Ic.sigl] optimimti(m Syslcm , COlltl”ol
points inc]u(ic:  the population si~,c, tbc
CIOSSOVCI rate, and tbc nmlaticm rate, etc.
lJtility  might bc dcfinc(l  as tbc qLlality  of
tbc dcsip,n  gcncralc(t  b y  tbc. optimiy,cr.
Note  tha t  a  number  of approacks  to

a d a p t i n g  c o n t r o l  p o i n t s  such  a s t k

population si~,c of a GA 121], have  been
proposal in tbc. litc.ratLlrc.  in our
framework, wc consicicr  such stra[cgics  to

be valacs  o f  Control p o i n t s  (e.g., a
partic.ul:tl illll~lclllcllt:itioll  of an adapt ive
tcmpcrat urc scldlllc  is onc of the possible
Valllcs for tbc tcmpc.1’atllre  Scllcdulc.
control point for tbc simulatc(l  annealing
mctabcuristic.

Several approaches to adaptive problcm
solving bavc been  d iscussed  in  lhc
1 i (crat  Llrc.  ‘1 ‘hc first, a sy)llaclic (IpproaclI,
is to preprocess a ~)roblc]]l-solvil]p,  domain
into a nlorc cfficicnt form, basal solely cm
[bc (lomain’s s y n t a c t i c  structam. lks~
Cxalllp]c, 1  itzicmi’s  S’J’A”l’JC  systcm
analyz.cs  a portion  of a planning  domain’s
dc(luctivc.  closure to colljccturc  a set of
search control bc.uristics [3]. l)ccbtcr  and
Pearl dc.scribe a c l a s s  of c(mstraini
satisfaction tc.cbniqucs that preprocess a
general class of problems into a more
cfficic.at  form [2]. More rcccnt  work bas
f o c u s e d  01] rccop,tliz,ing those s[rLlctural
propc.r(ic.s  that infl  UCIICC t bc effect ivcncss
of different bcuristic  mc.tbds  [4, 14, 22].



“]’hc goal d this rcscmh js to pmvi(k  a
prob]cm SOIVCI wilb what is csscntidly  a
big lookup  table,  specifying which
hcuris(ic  s[ralcgy to usc b a s e d  on smnc.
easily rccogni~,ablc  syntactic features of a
domain.  Whi]c  this lat(cr approach seems
pron~ising,  w o r k  in th is  area  i s  s{ill
preliminary and has focusc(l primarily cm
artificial applications. ‘1’hc. (Iisadvantagc.  of
purc]y s y n t a c t i c  tcchnicjucs  is lbat tbcy
jgnorc  a potentially jmpmlant  SOUICC of
information, tbc distribution of problems.
l;ur(hc.rm(m, current syntactic approaches
Iothisproblcm  mcspccific  Ioapar(icular,
Of(c]l Illl:illiclllatc.(1, utility func(icm
(usual]y IJlol>lclll-solvjllg  c o s t ) .  l;(M
cxamp]c,  allowing [hc utility fLlnction  to
bc a  usc.r spccificd  paranlctc.r  would
rc{uirc a1 significant ad problcma[ic
C.x[c.nsion of these.mc.tho(ls.

‘1’hc second approach, which wc call a
g(wcrdtive (ipprmich, i s  to gcncratc
c u s ( o m - m a d e  h e u r i s t i c s  in Jupmsc to

C: U”CfLl  1, automatic, analysis o f  pas(
~>l(~t>lclll-solvjt]g  a[lcmpts. GcncIat  ivc
a] J] WOdlCS  COll  SidCl”  llOt  C)ll]y  thC, Stl’LICtlll”C

oftllc( loJll:lill,l)Llt”  Zl]SOS[l’llCtLll’CS  t])at ar i se

fron~ the problcml  so]vcr jntcractinp, with
spc.cific problems from the domain.  ‘1’his
approach is cxcmplificd  by SOAR [16]
atl(i l’ROl)lGY/J  ;1]1 , [18]. ‘J’hcsc
techniques malyz,c past problcm-solvjllg
tl”accs  all(i  COIl~CCILllC.S  hcmristic  COJltlO]

r u l e s  jl) r e s p o n s e  to patlicular  problcJN

solving incfficjcncks.  Such approaches
can cffc.ctivc]y cxplojt  the idiosyncratic
st ract urc of a domain  through this cmc.ful
atlalysis. ‘1’hc l imitation of such
approachc.s  is that they have typically
focllsc(i OH gcncrat ing hcurist  ics in
response to particular
not WCII a(kircsscci  the

problems an(i have
jssuc of adapting to

a di st ribu( ion of pI(JblCmS.4 1 +Ir[hcrmorc,
as with Ihc syntactic approacbc.s,  thus far
Ilmy have been (lircc(cd towards a spccjfic
utility function.

“1’lm third approach is the statistical
approach. ‘1’ksc tccbniquc.s cxplicit]y
rcascm almu[ p e r f o r m a n c e  of (Ii ffcrcnt
heuristic stratcfjcs  across the distl”ibution
of pmblcms.  ‘1 ‘hcsc are gcncrall  y stat i st ical
gcllclatc.-:ill(i-tcst approaches that
e s t i m a t e d  t h e  avcra~c pcrformamc  of
(liffcrcnt  hcurjstics  from a random  set of
Ir:iining Cxamplcs, and Cxplorc all(l

cxp]icit  s p a c e  of hmristics  wjtll grcc(iy
search tcchnicjucs. 1 ;XaJll]>]CS  O f  SllCil

systems arc. [X) Mi’OSl  H{ [11 ], J’AI ,0
[ 1 2], an(i tim statistical cwnponcnt of
hcl U] .’l’1-’1’AC;  [ 19]. Sjmiiar approaches
ilavc a l s o  bCCJl invcsligatc~i itl the
opcJations J’CSCaJ’Ch  COJlllllUllity  [26],
‘l”lmsc lec.hniqucs arc easy to use, apply to
d variety of (icsmains  an(i utility func[ions,
an(i call provi(ic strong statistical
Saarantccs  about timjr pc.rformancc.  ‘1’ilcy
arc limitc(i, howcvc.r, as tilcy arc
cc~lllJ>Llt:itic)l12illy c.xpcnsivc,  require many
t ra in ing  c.xamplc.s  to j(icntify a s[ratcgy,
an(i face problems wj t i] local optima.
1 ‘ur(hcmmrc, tilcy typically leave it to the
user to cotl.jccturc tile space of hcurjstic
mcti]o(is (SC.C. [ 19] for a notable cxccpticm).

A  (;c~lc~{iliz{iti{j?t  o f  Ad{iptivc  I’JWMCIII
,Yolving

‘J’iIc stan(iar(i  f o r m u l a t i o n  o f  a(iaptivc.
problcm  solvjng  (icscribcci  a b o v e  i s
applicable. whcJI wc want to gcncratc. a
-...
4 

While gcmcra(ivc approachc.s  ma t)c. trained (m a
p]oblclII  dislributioa,  Icaraiag typically occurs  oaly
willlia IIIC COIIICX1  o f  a s i n g l e  pIoblc.111.  ‘1’hc.sc
sys[cms w i l l  ofka ]cara kt)owlcdgc  w h i c h  i s
tm]])ful  in a par(icLllar  problcm tml clccrcascs  utility
ovcl:Ill,  acccssitaliag, Ihc usc of u(ilily a n a l y s i s
tccl]aiqacs.



problcl)l  Solvcl” tha( will pcrrorm Well for a
par(icLllar  problcm  (Iis(ribulion.  1 lowc.ve.r,
the’1’c. al’c Solllc pl’oblcnls with this
fornlulaliotl  that n]akc it itmppropriatc  for
our (lmnai n of nlct ahcuri  s(ic app] i cat ion
for spaccuaft  design opt imi~a! ion.

1 ;irst, although the strategy foun(t by an
a(laptivc  problem solver may have good
CXpcdc(t pcrfol”mancc. Ovc.r Solllc
distribution of pmblcm ins[amcs, there is
1)0 gLldl’2111tCC  that thC ]MOb]Clll  SO] VC.I’

performs W C]] for any particular instance.
la the (ionlain of (icsigt] optinli~,a[ion,  ti~c
objcc.tivc i s  of[c.n to gcncralc.  the bcs(
possib]c  solution for a specific problcm
instance, so there is a significant
il~col~ll>:~tit~ility  in the  objc.ctivc of t h e .
probicm  formulation.

Sccon(i,  t h e  stan(iar(i a(iaptivc  problcm
solving formulation implicitly  assunlc.s
thal only cmc specific configuration of ti]c
problcm  so]vcr w i l l  b c  applic(i to a
particular pmblcm instmcc. If tllc.
objective. is to gcncratc  the best possib]c
solution for a problcm,  tilcn it nlay bc
wor(i~wbiic to try a nun~bc.r of (iiffc.rent
problcm  solver configurations on ti~c
problcm  i n s t a n c e ,  II) cicsign optimiy,ation,

it i s  of(cn wor(hwi~ile to use, nuissivc.
amounts of conlput  illg rcsourccss  i tl Or(iCJ-
10 nlakc significant il]ll~lovc.ll]cl]ts  in the.
qualily  of the (ic.siga, which coul(i  lca(i 10
bc.ncfits Iilat i-w out wcigil ti}c
CXNnput at ional rcsourccs  LISCCi  10  gcncratc

Ii]c impmvcmcn[,

1 ‘inall  y, ti)c problcnl  solver configLlratiml
foun(i by the st:in(iar(i  a(iaptivc. problcm
solving, formulation is usc.fu] when wc :irc

-.

5 (Y’(1 cycles arc oflcn qui(c  chcmp  and readi ly
[Ivailnl)]c, g,ivcn lhc al)lounl o f  compulalion”
av:lilnl)lc  (m idle works  lalioas”  ia many cnginccl ing,
otg,[illi~:tliol)s.”

givctl a lmi~lcm instance. tilat is “typicai”
of the. ins[anccs in the (distribution for
whici~  the problcm  solver was configurc(i.
IIowcvcr, tilis may bc of limited utility if
ti)c problcm  solver is faccci  wi[il a inslancc.
which is significantly different from
prcvious]y  scca i n s t a n c e s .  ‘J’ilis  is a
problcm in our (ion lain, s ince  wc arc .
(ic.signin~, a generic (icsiga optimization
too], for which the (distribution is virtually
unrcstridc(i. Onc cou](i  argue that if aa
instance is sufficiently ciiffcrcnt from the
(iistributi(m for w h i c h  [hc confi~ura~ion
was optimi~c(i,  then Ibis forms ti]c basis
for a ncw (iistributicm cm which to run the

a(iaptivc  problcm  solver (wbcrc initially,
the (iislribuli(m consists of tilis sillglc,  ncw
iastaacc). Of course, if WC. allow for tile
p o s s i b i l i t y  of nlaintainil]g nlultip]c
problc.m  sol vc.r configurate ions, one, of
which SI1OU1 (i bc. sclc.ct c(i (icpcm[ii  ng, on t im
(iistributi(m to whicil a par(icu]ar instance
bclmgs,  this brings  up ncw sub]mblcms
whicil must bc solvc(i, inclu[iing:
● ~iivcll  a ncw problcm  instance, (icci(ic.

whicl]  (distribution it bclcmgs  to.
● l)cci(iing  when/whether to “split” an

existing problcm  (iis(ribu(ion into two
or more distribL~tions  whcm a(l(iiticmal
problclns  arc a(i(ic(i  to the (iis(ribution.

1 w our problcm  of nlctahcuristic
application for (icsign optinliz,aticm,  what
is ncc(ic(i  lhcm is a task formulation thal
nlaxinli~,cs  Iilc performance f o r  cad)
par(iculm problcm  instance, an(i (iocs not
r e l y  011 i n i t i a l  assunlptions  about  ti]c
problcm (ii stri but ion from wi] ich tbc
ias[ancc  i s  (irawn. Our fornluiation  f o r
a(i:iptivc  problcm  solvins, is there.fore the
following):

IMinition:  (A(iaptivc l’roblcm Solving) -
1 d d bc a problcm  instance. l,ct I’,$LT,,,,, be
t hc problem sol vcr opcrat i ng un(ic.r a



pwlicular control st ratcgy. 1 J2t U(}’,$.sf,(,l,d),
lm a IHI valued u(ility function  that is a
measure. of the goo(lnc.ss of the behavior of
the problem  solve.r on d. ‘1’hc task of
a(iaptivc  problcnl  s o l v i n g  i s  to find a
cent rol st ratcgy  for the prob]cm sol vcr that

1). Given  a scf ofnlaxinlinx  U(I’,$,Y,,{,l,(
problcm  instances l~=dl,  d],..(h), tbc task
d adaptive. problc.m solving is to find
control s[tutcgics  S’IIYIIO,  ,Wtwt], . . ,TtratN,
thal nlaximiz,cs:

~[J(PSy,RA,i ,{1)
d E [)

If wc wc.rc to treat the set of instances in
the (lcfinition  above as being satnplc.s
(irawn fronl a distribution, this formulation
of ad tipti  vc problcm  can bc seen as a
gcncrali~ation  of the. stan(lar(t fcmnulation,
withoul  the rcstric[ion  that ,$tratO = Slrfil]
= ,V)Y1[N.

‘J’hc approaches for tllc standard
formulation  can now bc rccvaluatcd  with
respect to the ncw formulation. II] general,
if wc know of a cxmfigurat ion (.’onjh  that
nlaximizcs Cxpcctc(t utility OVCI a
distribution ]) of problcnls  to which a
par(icLllar  instance d bclcmgs, then onc
Wout  (t , by definition, expect (in the
probabilistic sense) that configLlration  to
pc.rform WC]] on the iJ~stancc.  Suppose that
our approach to solving the ncw a(laptivc.
pmblcm solving f(mnulat  ion is to search
the space of configurations to fin(i a ncar-
cpimal  control strategy. ‘J’hc.n a useful
h e u r i s t i c  would  bc to try Cmfi) first.
Tblls, wc can treat solutions to the
stan(iard formulation as hc.uristic  solutions
f o r  our fmmulat ion of aclaplivc problcm
solving.

4. OASIS Al< C:lll’1’liC:’l’lJl<l~

OASIS (Optinli~ation  Assis tant )  i s  an
intc~,ratc.d soft ware. architect urc fos
spacccraf( (Icsign opt inli ?jat ion which
supports a(laptivc  problcm  solving. “l”hc
three major c(mponcmts  of OASIS arc:

. A suite of cm~figurablc  nlctahcuristics,

. An adapt ivc problcm  solve.r, and

. A spacecraft design nloclcl.

WC (tcsc] ibc each of tlmsc bc]ow.

‘1 ‘t lc spacccraf( (Icsign  mock.] is a software
simul at ion of a spacccmf[ dcsip,n. ‘1 ‘he.
(Icsign  IImdcl  t a k e . s  a s  input (Ic.cisi(m
variables to bc optimized, and outputs an
objcctivc  function  value, which is assigned
as the rcsul[ of an arbitrarily conlp]cx
compulali(m (i.e., the sinnllator  is a bl(ick-
l~ox sit)l[{latiml).

“Jlus,  the design model is k component
of OASIS that is most (lolllail~.-sl~ccific,
and is provi(tcd  by the cn(i users, i.e..,.
s p a c e c r a f t  (lcsigncrs.  II] otdcr for all
optinlization  systcm such as OASIS to bc
usc.fu] in practice., it must support a wide
rang,c  of (Icsign models, which may consist
of mode.ls implcmcntccl  using  various
languag,cs  cm different platforms. It is not
feasible to expect spacecraft dcsigi)crs to
imptcmcmt t h e i r  mo(tcls  in a par[icu]ar
language on a particular platform  -- if such
inccmvcnicnt  constraints were imposed,
the optimization  systcm will not bc used
by spacccraf[ (tcsigncrs.

‘1’hc Multi(iisciplinary  ]ntcgratcd  ]Jcsign
Assistant for Space.craft (M II) AS) [6] is a
p,rajhical  (Icsign  cmvironnlcnt  that allows a
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Figure 1- Scrwm shot of a MIIJAS mdhogram  (pari of’ the NCptUIIC?
Orbitw  model)

Uscl’ to illtc.gl’atc  a Systcm of p o s s i b l y
distributed dcsiga nlo(icl  COlnponcllts
to~ctbcr  using  a  nzdhogr(Jm,  a gtaphicxd
diagram rcprcscnting  lbc data flow of Ibe
syslcn].  1  iacb no(ic in tbc nlc.thogram
corresponds to a (Icsiga n30(lel  conqxmcnl,
wbicb nlay bc onc of 1 ) a ndcl in a
comnwcial  design tool such as 11)1 iAS,
NAS’I’RAN,  or S1’IC3 i, 2) a  p r o g r a m
writ[ca in (;, ~+-+-, or 10 RTRAN, or 3) at]
c]nbcd(lccl  nle.thogranl  (i.e., this allows
nlcthogran]s to have a hierarchical
S[l”llCtL1l’C.). ]nput  s to I1OC1CS in tbc
mctbogram  corrcspcmi  to In p u t  paramct  crs

for (]IC COlllpOllC1lt  ]cpl’csclltc.d  b y  tk

Iuic, and outputs frcm a nlctbogram  no(lc
correspond to output  values  conlputed  by
tbc con~pcmcnt.  M lIJAS is inq>lcnlcatc(i  as
a U)R1lA  objcc(, an(l supports a wiclc
variety of nlctbo(ls  that can bc. used by
cxtcraal  client systenls  (e.g., a GUI) to
nlanipulatc  tbe nlctbogran~s.

‘1’his l a s t  feature of MIIIAS ( i . e . ,  the
U)RBA interface which allows client
systc]ns to frc.c]y nlanipu]atc  nwtllogralns)
is parlicular]y  uscfLll  for tbc purposes of
dc.signinf,  a black-box opti]llization
sys[cm, since it essentially provicies tbc
opt inli nit i (m Systc.nl witl~ a uniform
interface for any dcsiga lnoclcl
encapsulated in M II )AS. ‘1’hcrcforc, our
solution  to tbc problcm  of supporting a
wide ranp,c  of (lcsiga nlodcls  is to suppor(
an iatcrfacc to MI IJAS. ‘J’hat  is, OASIS is
(lcsigmxi  to be an optinli~atioa  system that
can be USC.(1 opt i nlizes any M 1 I >AS ]nodcl

‘lihus,  tbe (icsiga mo(icl, which constitLltcs
the user input to the OASIS sytcm, is
composc(i  of the following:
● A MIIJAS mctbogram that

cncal)sulatcs  the (icsip,n nmcicl,
● A list of (iecision variables, as well as

ranges of tbcir possibie  values (nlay bc
continuous or {iiscrctc), anti



● An oullmt from a lldlo~l”alll  node  that

Coll”cspon(ls the user’s objc.ct ivc
function  value.6

Mct(~lle\~ris[ic  L~!iitt?

O A S I S  inc]udcs  a set of col!fi~lir(iblc
])li’t{l~l(’l~t”i,v(ic:,v, which arc gcncsic
illll>lclllclltatiolls of nlc.tahcurislics  [hat
provide all intcrPdcc for dynanlic
lccollfig,Llratioll  of the i r  control points  at
rantim.  ~urrcntly, this consists of a
lcc(>llfig,lll:iblc  gcnct  ic algori lhm an(i a
rcconfigLlr2iblc  sinlulatccl annealing/local
search. ‘1’hcsc fire brie.f 1 y (lcscribc.d  below?:

Gc)?clic  Algorithnl---  A gcnct ic algorithnl
works  as fol 1 ows: a population of san]plc
]mints  from t h e  c o s t  surface.  is gcncratc(l.

111 a procc.ss analogous to biological
cvoluti(m,  this population is CVOIVC(l  by
rc.pcatcdl  y select i ng (based on rc] at i vc
opt inlal it y) nlcmlbcrs  of the popu] at ion for
reproduction, an[i rccol~lbillil~g/ll~  tltatillg to
gcncratc  a  ncw populalioJ1.  ‘1’ilc control
iminls of ttlc gene.lic algorithm inclucic:  the.

pcym  i at ion siy,c,  t h e  mcttm(is  usc(i f o r
select i cm, crossover, all(i nlutatioa
(nlcti]o(is inc]ucic  tim aigoritilnl,  as wcii as
tilcir control  parameters, such as thcil-
frcqucncy  of aiq)licaticm).

“  ‘1’IIc objcclivc function  could citkr bc obklinc(t
(Iimclly  Jtom (mc o f  Ihc cxisling  oulpu(s in lhc
IIv211~(JgraIn, or COLII(I  k cmnpulcd by a(l(tiag  a acw
no(lc lha( c o m p u t e s ,  e . g . ,  a  wcighld  Iincal
c(mlbiaa(ioa  of’ smac sd (d’ oLItpa( aodcs.
7 ‘1’hc foltowing is a simptific(t  account - there is
much o v e r l a p  bctwccn mclahcutistim,  an(i  tllcil
tmun(im ics atc unclcat  ( i t  i s  oflcn p(msit>lc 10
c(msiclcr Oac mc.lahcuristic as a
sl>cci:ili 7,}itio11/gc.llcrf  lli7,alioll” of almlllc.l ”). 1;01
cxamp]c, il is possit~lc 10 think  of some instances of
local scaIclI as a special GISC of gcndic al~,orithln
willi a population of 1. lhr clality,  wc pIc.scJI(
IIlc[:itlclltislics using lhcir  “canonical” dcscripti(ms,

p o i n t  on the COS( sLlrFdcc, an(i  rcpcfiteciiy

applying, ncighborhcm(i nlovcs  (suci]  as
ran(iom pcrlarbat  ions, grcc(i  y move.s, ct c,)
to nmvc to (on average) increasingly
optimal points on the cost s u r f a c e .
Simulatc(i  ailncaling  is a gcncraliy,ation  of
l o c a l  s e a r c h  inspirc(i by a pilysical
nlctaphm  to ti)c process of annealing, in
w h i c h  nlovcs to ICSS optimal points  arc
taken probabilistical]y,  in accor(iancc witil
a tcnlpcratLlrc  scilc(iu]c. l>uring the  cady
part of tim anncaiing  pmoxs, the
tcinpcrattlrc. i s  h i g h ,  an(i nv3vcs 10 icss
optimal ~mints  arc taken more frec]ucnt]y;
as tile tc.nlpcrat  arc i s U301c.(i, the
iwobability  of rcjcctil~g  nmvcs to pocwc]
ix3ints  cm the cost surface incrcascs.  ‘1’hc
controi  ~mints  of iocal scalcl]/silllLlialc(i
annc.sling, inc]u(ic met h(xis for
t (mpcrat llrc Scilcdulc all(i t ilc

ncighborhooci  ]novc generator.

Ad{~ptive  l’mblem Solver

Gi WI) a spacccraf( (icsign optinli~ation
imblcm  instance in the. form of a dcsiga
Ino(ic.i, t i)c a(iapt  i vc probicnl Soivcl’
C’olnp(mcllt  of O A S I S  Sf2]CCtS  :mci

configures a nlc.tahcuristics  from its suite
in or(icr to nlaxinli~c  sonic  utiiity  nlcasurc,
(usualiy, tilis is tile quality of tile [icsign
foun(i by OASIS).
II) this section, wc nmtivatc  our apiwoach
to a(iaptivc  problcm  solving, anti (icscribc
the arci]itccturc of tile OASIS a(iaptivc
problcm  SC)] VC.1”,

Our api)roaci]  to a(l:ipt  ivc probicm  solvi n:,
is to view it as a nlcta-level heuristic
search througil  ti~c. s p a c e  of possibic
pmblc.m so] vcr conf i  garat ions, wilcrc
can(ii(iatc configuratioJls  arc cvaiuatc(i
with rcspc.ct to a utiiity  nlcasurc,  an(i the
goal is fin(i a configardtion  that nlaxinli~,cs
tilis utility nlcasLIrc.  in principle, it is
imssit>lc.  10 (io a brLltc-force search througil



[k S]MCC  of possib]c  ]wob]cm  S()]VCI

collfiglll:ltiolls. }Iowcvcr, this is clcar]y
inttac[ab]c  in genera], since the number of
configurations is cxpcme.ntial ill the
nun]bcr  of control  p o i n t s .  Gnsi(icr a
problcm  SO]VC1  With [: cont ro l  @ltS, Cdl

wi[b v valms; t hcIe arc (! proble,nl  sol vcr
configurations. Suppose wc arc given a
problcm  instance for which tbc black-box
sinlulation 1 ’ 1 1 1 1 s  to Cvaluatc  a single.

can(ii(latc  design takes an average of [
SCCOIKIS.  ]f Cdl 1’1111  Of ttlC  problc.nl  S()]VC.I’

(m this ins[ancc  r e q u i r e s  n candi(tatc
(Icsign  eva lua t ions  on avcrdgc,  tbcn tbc
cxpcdcd  t imc rcqu id 10 scmch this space
using  an ungui(lcd,  brute force search is
0(111(:”).

Givcm t h e  mormous computational
cxpc.nsc of scarclli ng Ihrougb t hc space of
problcm  solver  configurate ions, onc might
w(m(lcr whether the search should/coul(l
bc avoi(icd a l together .  ‘1’o avoid search
c(~n]plclcly,  there arc two altcrna[ivcs.  ‘1’hc
first is to find a sll~>cl-lllctallcllristic  tha t
outperforms all  otbcrs for all problcm
ins(anccs  (and thcrcforc. avoid adapiivc
problcn]  solving al[ogcthcr).  As discussc(i
in Section 2, wc reject this solution as
impossibtc. ‘1 ‘hc second altcrnat  ivc is a
syntactic, “lookup-table>’ approach:
ctassify  the problcnl  instance as a nlc.mbcr
of son]c class of prob]cnls,  tlIcIl  apply tlm

nlctahc.uris[ic  configuration that is known
to work well for this class of problcnls.
‘1’his can work very W C]] if we. happen to
h a v e  stLlctic(t  Ibc class of problems  to
which the particLll  ar inst ancc belong, an(i
wc have avai lab]c a goo(t tcchniquc  for
classifying tbc instance as a nlcnlbcr  of the
class. 1 lowcvcr, this approach is of linlitcd
utility if wc encounter an instance of a
class that wc know nothing  about, or if wc
can not correctly classify tbc problcm  as
one. tba[ bclcmgs to a class that wc have a

good mctahcurislic  configurai[(m8  f o r .
‘1 ‘hus, a pure] y synt ad ic approach dots not
su fficc, AH adapi  ivc pwhlm SOIVCY Hinds
10 ,WY[ll”h the sp(l cc of pos s ib l e
f]let(tll(’i4ri,slic: ({)l(figllroli{)]l.v  - 111(’

challcngc  is 10 discover (I Id apply  mo14gh

hcuri.vtic  Jwowldgc  10 the ta.wl  10 make  i t
I]lor(? ltn(’l{ihlt?.

Wh:it t y p e s  o f  hcu~istic kmwlcdgc  arc
a v a i l a b l e  to bc cilhcr  acquirc(t  from a
human, m through  knowledge discovery /
tnachinc  learning tcchniqLlcs? Wc i(tcntify
three gene.ral classes of knowlc(i~e  which
are. applicab]c  in this contcx(:
● (Ionlai n-depend  cnt knowledge about

t h e  bcbavior  of nlc(ahcuristics  in a
given (iomain,

.  (lol~~ai~]-it~(lc]>c~  ~(tcl~t, nlcta-knowlc(l~e
about optimization,  anct

● (lol~laill-ill(tcl>  cll(lcllt, but systcnl-
(Icpcll(icnt  strL]ctural  knowledge.

] M) of thCSC t y p e s  of kmwlcdgc  :IIC
(ii SCUSSCXI  bc.low:

l)ot)t({i}l-(l(’j)[  ’ll(lcltl kIImvldge-  “1’his

includes  knowlcdp,c about  tbc s(rac[urc of
particular classes of problcn]s,  ancl the
bc.bavior of nwtabcuristics  cm par t icu lar
problcm  instances or classes of instances.
lixamplcs of heuristics that can bc (tcrivc
from [I]is type of knowlc.dgc include,:

● If a problem instance is in the problcm
instance class 1, the.n configLlration C.’
is promising;

. If a problem instance i is in the
problcm  instance. class, them it is likely
tba( its Cost  s~ll’~dcc.  is of type L~;

—

x lII&xd,  lIIC ploblcm of’ dct’ining ascfa] nolions  o f
clnssm of pr(hlcm  iaslamx.s, and c l a s s i f y i n g  a
pmhlcm illst:incc  as lmlongiag to s o m e  patlicular
rlass  is a dmllcngiag  pal(cra  recognition problcm
ia ilsclf.



● If the behavior of a configuration C,’ is
poor, Ihcn the instance is likely 10 ix in
instance class 1;

●  If the cost surPdcc of t h e  i n s t a n c e
belongs to class S, then Ihc instance is
likely to bc in illstaflcc class 1.

111 addition this class includes, any
knowldgc  that can bc used to classify a
problc.n-t instance. as belonging to a
par[iculw class of problcnlsj  including
pattern  classification heuristics that can be.
USC(1 by a problcm  ins tance  analys is
mo(lu]c.

l)oi)l{~il~-ifl(  l(?l)(’ll[lc}~l  knowledge ‘1’his is a
f(wnlali~ratioll  o f  t h e  knowlcclgc  t h a t
hun]an optinliy,ation experts possess ahou(
optinliz,  ation in g e n e r a l .  I t  inc]udcs
kllowlc(lgc about the behavior of
mclabcuris(ics  on parlicu]ar  classes of cost
sul’fdccs.~, ad k tlowlccigc about t h e
b e h a v i o r  of nwt ahcurist is in gcmxal.
CIlassc.s  of cost surfi~ccs call bc defined by
at[ributcs  such as  (k rc]a(ivc  n u m b e r  of

local minima, distancx rc]at icmships
bctwccn  local mini]na, e tc .  1 ixamp]cs of
hcuris(ics  that can bc (Icrivc.d from t h i s
type  of know] c(tgc inclu(tc:

● If a sutfacc  of c lass  S ,  configurat ion

is promising;
● If t hc behavior of a cxmfigarat ion C

pool’, t tlc.n , confi gurat ion C.”
prwnising;

. If tl~c behavior of configuration ~.’, i(

c

is
is

is
Iikcly that tbc COS[ surface is in class S,

“ NOIC (hc  dit’1’crc.ncc  bctwcm c/(Is.w,s of problcIjI
itjslatjcc,v, iind  cla,vscs of cost .wr[<iees,  Cks (
surfaces aIC a mm abslml,  aad classes of cosl
SLIII:WCS cm encompass many classes of problems.
I;(M iaslaacc., lbc CI:ISS o f  cost stlrfaccs Illal arc
“buIIIpy  or rLlggccl” inclLdcs  COS1 surfaces from a
very larg,c aumbcr  of classes of problcm  instamm.

“1’his  class of knowlc(tgc.  n~ay not bc as
powcrfut as (tolllai]l-(tcl>cll~lcllt  knowledge.
by itself, since it is nmre. abstract in nature,
an(i nmrc. difficult to apply. lior cxanlp]c,
anatysis of the  cos t  surface  i s  nlorc
co~~ll~tll:itio~]:llly  cxpcnsivc than syntactic
analysis of the, instance, since it recp]irc.s
cxpcnsivc  runs of the black-box simulation
to cva]ua(c  the cost surfacco 1 lowc.vc.r, the
apparent success of human optinli~,ation
cxpcr(s w h o  nlay not bc donlain  cxpcr(s
for a particular problem that they are given
must oftcll Icly on their bo(ty of donlain-
i ndcpcnrlrmt k nowlcc]gc,  in colnbjnat  ioJl to
what (loJ~~ail~-(tc~>cllclcl)t  know] c(igc  they
can obt:tin, in(iicatcs that ti~is  type can bc a
VC.J’y  Usc.fill IIlciills  of con(roliing  scaJ”ch.

l)[)t~~(iill-i} l(lc])cil{lc’r~t, .Syst (?Wlcpi?ild(?n  i
,Ylr11ct14ml  kiloM1ledg(+ It  nlay bc possib]c
to cxp]oit  Iilc syntaclic  structure of the way
pJ’Ot>]C1llS aJ”C l’CplCSCJltCd  jn a  ~mr{icular
a(iapt ivc problcm  sol vcr. IJ(w instance, in
OASIS, for a par(iculat’ problc.Jn instaJw,
jl Inay bc possible to aJlalyxc  the strLlct  Llrc
of i t s  (iataflow  g r a p h  in ti]c Mli)AS
nlc(ilog,ram  to i(iclltify, e . g . , (iccisioJl
variables that affects a rc.lativcly large
nulnbcr  of d hcr nocics in the graph, an(i
hCJICC, Jll:ly bC lllOIC  illlpC)J’(aJlt  to fOCUS  OJl
timn a no(ic which only affects a sing]c
Jlodc.. At this tinlc, it scclns tilat  useful
knowle.cigc of this type. J~lay bc cxt rcn~c]  y
(iifficult to accluire,  although ti]is is an area
O f  J’CSMl’Ch that SCCJll S par[icular]y
interesting from the (icsign/hutnatl-
COJllpUtCl”  i JltCJ”filCC. }> CJ’S}>CCt  iVCS, SiJICC. it

ctJtails  ti]c llil(ic.lstatl(iitlg  of h o w  ctlgit~ccm

S[l’Lt CtUIC sinlulations  from a  graph-
thcorctic  point of view

‘Ihc various t ypcs of kJlowlc(igc cicscribe.{i
a b o v e  can bc :ipp] icci citilcr ciircct i y OJ
intiircctty  (tilt’ougi]  chains of infcrcncc)  as



variable./valuc orclcrjng hcuri s(ics 1‘) ill a
search algorithm that scarchcs  tbc space of
mctahc.uristic  configurations.

Wc arc currently investigating several
altcrnalivc  appmacbcs to rcprc.scnting  tbc
know]cdgc  in OASIS.
Tbcjnitial  vcrsim~o fthcOASISAdaptivc
l’roblc.nl  Solver uscs IIaycsian networks
[20] as iis prjmary  knowledge
lc}>rc.scllt:ttioll  schcmc.  13aycsian  n e t w o r k s

w e r e  cllosc.n primarjly  (iuc to tbc.ir  clc.ar,
probabilistic semantics, and the flexibility
with which various kinds of infcrc.nccs
could bc. pcrfonnc(t,  and tbc abitity 10
sc.anllcss]y intcgtatc  n c w  knowlc.dgc and
observations into tbc knowledge base
ci(hcr manually  (j.c.., cntcrcd by  a human
cxpcro  or automatically (using macbinc.
learning Iccbniqllcs). ]n tbc. jni(ial
illll>lc.lllclltatioll,  Ibc 13aycsian networks arc
malluall y Constructed. A number  of
tc.chniqucs  bavc rcccntl y bcc.n  dcvc]opcd
for lc.arning  in IIaycsian  nc(works  [ 13]; wc
arc currently investigating Ihc application
of smnc of tbc.sc lcchniqucs.  in addition,
w c  arc invc.s(igatinp,  ncw approachc,s t o
machine learning that take a(lwmtagc  of
t bc spcci al Stl’LICtLllC  O f  tbC adti]3ti  VC.

problcm  s o l v i n g  d o m a i n .  IJor cxanlplc,
unlike. n]ost otbcr  (Ionlains,  in wbicb  all
tbc training data for lnacbinc  learning is
given to a learning, algorithm by an
cxtcmal source, tbc. adaptive. problcm
solvjng  donlain  is jntcrcsting  in that il js
possib]c  for tbc problcnl  solving systcm to
perform cxpcrinlcnts and generate ncw
data, using  the. exact sanlc nlc.chanisnls
t h a t  arc USC(I to cvatuatc  mctahcuristic
configurate ions.

—. —....

‘“ V:It  i:tblc ordcrinx  hcuris(ics  guide ~hc. choic.c of
conlml  points  10 change; Valm ordming heutislics
.gLlidc (IIC choice of conlml  point values to try.

An inlpor[allt  auxi]iary  con~poncnt that is
inqmr(anl for tbc adaptive problem solving
process, and applicab]c  at various lCVCIS  of
tbc OASIS arcbitccture,  is tbc hypotbcsis
tcs(ing nlodulc.. }lypolhcsis lmfing  is a
gcmcral  problcm  in statistics. When, fol
cxanq~lc,  a nlctabcurstic  is probabilistic in
nat Llre. (as is the case with genetic
al~oritbms  an(t sinnllatcd  annealing),  01
the black-box simulation is stochastic,
then it is important  to bc able {o
cfficicntly,  accuratcty  tcsl wbcthcr  (mc
can(li(tatc is better than another (where a
candidate can be., e.g., a n~ctahcutistic
configL]ration  (N a particular (lcsign).  [ 1 ]
have proposed scvc.ral c.fficicnt mctbods
f o r  conlputing  wjtbin so]nc confi(tcncc
bounds [bat cmc candidate is bcttc,r  than
anotbcr  according to sonic utility nlc.asurc;
Wc arc Clllrclltly invc.stigating  )a
extensions to tllcsc tccbniqucs, b)
intc.gration  of tbcsc tccbniqllcs  within our
stocbaslic  nlctabcuristics,  an(t c )  thcjr
applicability to our nc,w formulation of
adaptive problcm solving.

1 I’inall y, we nlakc USC, of parallelism an(t
(listributcd  p r o c e s s i n g  on nclworks  of
workstations in ordc.r to cnab]c a(iaptivc
problcm  solving. Chrtcntly,  processes arc
distributed using the Parallel Virlual
N4acllinc.s  nlcssagc  passing,  package [5] at
tbc b l a c k - b o x  s i m u l a t i o n  ICVCI.  Iior
C.X ample, nlu]t  iplc copies of the b] ack box
simulation arc (iistributc(l, and arc
Cxccutcci in parallc]  g i v e n  d i f f e r e n t
decision variab]c assignments (i .c., a
number of candidate designs arc evaluated
in parallel).

in this sccticm,  wc dcscribc  two specific
spacccraf(  design opt inli Yat ion problcnls  to
wbicb  wc arc cur rent ly  apply ing  tbc



OASIS  SyStClll. ‘1’hc firsl  is a 10 W-1CVC1
optinlintion  of the physical dinlcnsions  of
a soil pcmct rat or microprobe. ‘1 ‘he second
i s  a  systcnl-lcvc]  optimization  o f  t h e
configuration of the conlmunication
systenl of an orbit u spacecraft, These
cxanlplcs  are illus[rativc. of tbc r a n g e  of
(i if fcrcnt opt i nliz,at  ion problems that ari sc
in spacccxaf( design.

As part of the NASA Ncw Millennium
program, two n]icroprobes,  each consistit~g
of a very low-nlass acrosbcl I an(i
pcnc[rator  system, are plannc.c]  to launch  in
Jaunary,  ~ 9 9 9  (allachcd  tO Ibc h4aIs
S u r v e y o r  1 an(lcr),  to ar r ive  a l  h4 ars in
1 )Ccclllbcr, 1999. ‘1’hc 3kg probes will
ballistically enter [he. Mar(ian atnlosphcrc
ad passively oricI]t  thcnlsc]vcs  to n)c.ct
peak  hea t ing  and impact rcc]uircmcnts.
llpon  inlpacting  the Mar(ial~  surface, the
probes wi 1 I punch through the cnt ry
acroshc]  1 and separate into a fore. - atld
af(body systcnl. ‘1’bc forcbo(ly  will reach a
dc.pth  of ().5 to 2 mcicrs,  while the aftbody
Wil] rc.nlain on t hc surface. for
collllllllllicaliolls.

1 kid pcnctrator systcnl includes a s~litc  of
h i g h l y  nliniaturi~ed  componcmts  ncc(lcc]
for fut urc l~licJoj~c~~ctlator  net works: ultra
low tcnlpcrat  llIC battcric.s, power
nlicroclcctronics, aIld a(ivancccl
Illiclocolltrollcr, a
llliclotclccol~  llllLlllicatiolls  sys[cm ad a
scic.twc pay] oad package. (a n~icrolascr
systcm for detecting subsurface water).

‘1’he optinli~,ation o f  p h y s i c a l  dcsiga
paramdcrs for a soi 1 pcnct  ralor  based on
these Mars nlicroprobc.  is Ihc first lcstbcd
for tbc. OASIS system. “1’hc n]icroprobc
optinlization  donwin  in ils entirety is very
Colnplc.x> involv ing  a three-st age

simulation: stage 1- separation analysis
(i .c., separation from the,, Mars Surveyor),
stage 2- acro(lynamical  sinlu]ation,  s tage
3- s o i l  impact and pc.nctrat  ion. “1’0
illustrate the utility of AI)S, wc now
briefly dcscribc currc.nt  work on a
silnplificd  version of the soil penetration
stage.

Given  a nunlbcr  of parameters describing,

t h e  i n i t i a l  con(iitioJls  sLIcb including  tbc

angle  of a t t a c k  o f  t h e  pcnctrator,  tbc

i m p a c t  vc.locity,  and the harclmss  o f  t h e

target  suIFdcc,  the optimi~fation  problem is

t o  s e l e c t  t h e  total l e n g t h  and outel

(tiamctcr  o f  t h e  pcnetrator,  where  t h e

obicctivc  is to nwiximim the ratio of the
depth of pc.nctration to the length of the.
pcnc,trator. Wc nlaximizc this ratio, rathc]
than silnply maxin)ixing  t h e  d e p t h  of
pc.ncttation,  s i n c e  for the  Mars
n~icroprobc scicncc.  nli ssion, the dcpt h of
pcnc.tration shou]cl  ideally penetrate at
least the lcmgtb  of the entire  pcnetrator).

(hlc of the initial condition paranlcters  that
has a significant impact  on the structure of

t h e  c o s t  sur~dcc  for Ibis optinliz.ation
problem is the. soil  number, which
indicates the hadncss of the target SUIPACC.
lntuitivc]y,  one would expect this to be an
inqmr(anl parameter, since, for cxanlple,  it
is clearly nmrc difficult to pcmctratc.  harder
targets (the pcmctrator coul(i  bounce. off the
targc{, for example).

l;ig. 2 an(i 3 show a plots of sanlple  points
from tbc. cost surface of this sinlplificcl
pcnc.tration problem for two different soil
numbc.rs, soillNz/nl= 7 ( h a r d ) ,  and
,yoilNu})z=  ].?(soft).  ‘1’hc cost  surface for
,\oilNli))l=:  1.? is a rc.tativc]y  smooth surface,
while the cost surface for  soilNu?)?=  7 is a
much nmrc raggc(t surface (note that the
c o s t  s u r f a c e  i s  nlLlch nmrc bunlpy  -



l’igurc 2 - Sample points from cost surfaw  for soil pcnd rat or
microprobe mock]. l’lot of ratio of depth of pcmctration  to length of
pcndrator.  Soil numb.r = 13 (soft soil)

bccausc  of the larger n u m b e r  of cos t
sur~dcc  points with a value of O,
optilniz,ation  algorithms are nvwc likely (o
g e t  s(uck in l o c a l  Inaxinla).  We WOUIC1
cxpc.cl that a grcdy  Inclahcuris[ic  would
be V e r y  Suczcssflll i-or tbc soft Sllrracc,

while  a  s u c c e s s f u l  mctabcuristic  for (}IC

llal”d surface Wou 1 d requ i rc some.

m e c h a n i s m  (o escape  JocaJ m i n i m a ,
‘J’l)clcfol.c,,  10 ~blaill the  best performance

on a sinli]ar problem instance (given a
diffcrcmt  soi ] ntln]bcr,  for cxanlp]c),  o n e .
Should Clloosc allcl configure a
mctahcuristic  to cxJ3]oit this knowJcdgc
:iJ3JNO])~jatC]y;  this process woLIJd bcncfi[
from our lbc application of our adapt ivc.
prob]cm solv ing  approach.  I’bc soiJ
I)U mbcr is tbc.rcforc a prob]cm paranwtc.r
[bat the OASIS a(iapt  ivc probJc.tn so] vc.r
can USC,  as a feature with which to cJassify

problem  instal~ces  (i.e., into problems with
sofl and l)ard soil nunlbcrs).

Ihe Neptune Orl>itcr

NCptLIIIC orbiter is a mission  c o n c e p t
currently being stLldicd  under the C) Lllcr
]’l:iact  (h’bital ~lxprcss progt’aln  at tbe Jd
Propu]sioa  1.aboratory.  ‘1’bc goals of Ibc
mission arc to put a spacecraft in orbit
arou d Nc.pt unc using state-of-the-arl
tcchndogics in the areas of
tc.lccollllll~lllicatiol]s, propulsion, orbit
inscrlicm, and autononmus  operations. ‘]’hc
spacecraft is cxpcctc(i  to arrive at Neptune.
(30 au.) 5 years af(cr launch in 2005 using,
a llcJta launch  vcbiclc.  The  subsys tem
lc.(ltlircll~c.llts  incJuclc  100 kbps clata  rate,
solar cJcctric JWOJNl]SiOll, solar
c o n c e n t r a t o r  JX)WCI  SOLII’CC and a cost of

ICSS  than $400M in 11’Y 94 doll:trs.



lhx-tusc  NcpILInc Orbjtcr is a(lvancjng,  the
stale-of-the-ar[ in spacecraft dcvc]opmcnt,
tbc models bcjl~g used arc assuming a
lCVCI of future technology advancement.
l~or the initial phase, of the optinliz,ation
dcnmnstration, the focus was on the orbital
opc.rations of Neptune Orbiter. ‘1’hc launch
and craisc phases  of the nlission  will bc
inclu(ic(i in the  optinli~  ration o n c e  the
orbi[cr problcnl  is W C] i uncicrstoo(i.  ‘1 ‘hc
cirivjng constraints of the ortitcr  problcm
are, tim optical communication apcr[urc,
transmit  power an(i spacccraf( nlass. “1 ‘i]c
transnlit  power is a (iircct input into the
i  ntcgrat c(I spacccraf( cicsiga  nlo(icl, “1’hc
Othcs inputs inclu(ic the scicncc.
observa t ion  tinlc pcr orbjt an(i the (iata
conlprcssion Fddor.  The o u t p u t  of t h e

mo(icl  which is being maximi~,  cci is the
scjcncc  (iata vo]umc pc.r orbit. l;or (icsigns
in wh id t hc spacccraf( n]ass is greater
tilan 2.60 Kg, the (ia[a volume ou[put is
Z,CI’O. A spacecraft with a (iry mass of
grc.atcr  tilan 260 Kg is too heavy to lift On

I

.— —.—.—. .

the. target launch  vchic]c.  ‘J’hus the nlass
lin~it  boun(is the opt in~iz,alion  problcnl.
(llrrcntly,  wc arc using  cost nlo(ic]s in
conjunc t ion  wi(b the sinwlation  of tbc
orbiter as (icscribc(i above to obtain our
cost fLlnction  - a qLlantitativc  estimate of
t h e .  scicncc rclura (nlcasureci in, e . g . ,
vo]LIJnc  of scicncc (iata obtainc(i  pcr (iollar
cost of the. spacecraft).

6. sUMhfARY AN]) (:C)NO ,1 JS1ON

1 )c.signing,  :i wi(icl  y applicable tool for
spacecraft (icsiga optimization is a
sigaificaid  t e c h n i c a l  challcngc.  in tilis
paper, Wc have JNO])OSCCi the Usc of
nlctahcuristic optin)iz,ation alg,orithnls,
which arc cLlstonliz,cci  for particular
problcm  inst antes by a process of a(iapt ivc
problcm  solving. By th is ,  wc ilopc 10
provi(ic  a (icsiga  optimizat ion tool  which

cm provi(ic  spacccraf[ (icsigacrs  with the
ability to perform successful (ic.sign
optinlintiol~  wi th  nlinin)al  hunlan  cfforl.
WC. have. (icscribc(i  OASIS, OUI c.urrcnt

. . ._. .--. .—-. —... .—.. _
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l~igure 3 - Sample points from cost surface for soil pendrator
microprobe model. IDlot of ratio of depth of pcndration  to length
of pmdrator.  Soil number -7 (hard soil).
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ill]]>lclllc)ltatiol~  da systcnl based on these
pr inc ip les ,  and (iiscusscd  nlany of [he.
technical issues that have arisen in ils
d e s i g n .  AdaJJtivc problem  solving  for
spacecraft design is a fcrlilc research arc.a
with significant potential benefits; this
paper has presented our initial efforts in
this area,
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